Reliable online estimation of state of charge (SOC) and capacity is critically important for the battery management system. This paper presents a multi-timescale estimator to dually estimate the SOC and capacity for lithium-ion battery. The first-order RC model is used to simulate the dynamics of lithium-ion battery. Based on the battery model, the open circuit voltage (OCV) is timely updated with a simple OCV, the result of which is further corrected with the Kalman filter (KF). Then the SOC is inferred from the SOC-OCV look-up table. Meanwhile, a RLS-based capacity estimator is formulated to work simultaneously with the SOC estimation in the form of dual estimation. Different timescales are adopted for the dual estimator to improve accuracy and stability. Experimental results suggest that the proposed method estimates SOC and capacity in real time with fast convergence and high precision.
Introduction
Rechargeable battery systems are experiencing rapid advancement due to their pivotal roles in the modern energy structure. Among different battery technologies, the lithium-ion battery is drawing a vast amount of attention considering its advantages of high power rating, high energy density, low discharge rate, and long cycling life. Reliable monitor of state of charge (SOC) and instantaneous capacity is critically important to achieve safe and efficient operation. Despite their importance, SOC and capacity determination remains as a challenging task as they are both immeasurable internal states.
The coulomb counting (CC) method is known as an easy way to monitor SOC. However, as an open loop method, it is quite vulnerable to the noise or drifting on the current sensor. It also depends on a precise guess of initial SOC which is not possible in real application [1] . The OCV measurement method is straightforward from theoretical perspective. However, the OCV can only be measured long time after current disruption, thus is not realistic in real application [1] . Amongst others, the equivalent circuit model (ECM) based SOC observers [2] [3] [4] [5] [6] [7] [8] have been extensively studied. ECMs are applied to reproduce the dynamic behavior of battery while adaptive filters are used for online SOC estimation. As a type of datadriven method, the ECM based SOC observer demands only onboard measured data of current and voltage, thus is quite promising to be adopted in the battery management system (BMS). However, the instantaneous capacity fades as the battery ages, which will largely degrade the SOC estimation accuracy.
As the capacity is involved in the state equation of most ECM based SOC observers, timely adaption of capacity is the prerequisite of accurate SOC estimation. Additionally, the capacity is a crucial indicator in BMS and is a figure of merit describing the state of health (SOH) of battery [9, 10] . Therefore, reliable method for online capacity estimation is of great importance for battery monitor and state estimate.
In this paper, a multi-timescale estimator is proposed to dually estimate the SOC and capacity in real time for lithium-ion battery. The OCV is estimated with a simple estimator, followed by the Kalman filter (KF) based correction. Different timescales are used for the each estimator to improve the model precision while maintain the numerical stability. The rest of the paper is organized as follows. The battery model and dual estimation of SOC and capacity are presented in Section 2. The experimental details and result discussion are described in Section 3. The conclusions are drawn in Section 4.
Dual Estimation of SOC and Capacity

Battery Modeling
The first-order RC model as shown in Fig. 1 is adopted. The voltage source represents the OCV. Rs is the ohmic resistance. The polarization resistance (Rp) and capacitance (Cp) are used to capture the battery transient dynamics. Considering the intrinsic nonlinearity, the OCV as a function of SOC is expressed as:
where z is the SOC, np is the order of polynomial fitting, ci is the polynomial coefficient. The electrical behavior of the first-order ECM can be expressed by the following state equations
where IL is the load current (defined positive for discharge and negative for charge), Vp and Vt are the polarization voltage and the cell terminal voltage, respectively.
SOC Estimation
A simple OCV estimator is firstly introduced. From Eq. (2), the following equation can be written:
where n denotes the onboard sampling interval for OCV estimate. Thus the timescale of SOC estimator is nts. Substituting Eq. (3) into Eq. (4) yields: Voc(t) is treated as the time varying parameter to be identified. The error term ε(t) becomes ignorable as OCV varies slowly within a short time interval. The simple OCV estimator boils down to solve Eq. (6) .
Following that, the OCV output from the simple OCV estimator is corrected with KF. Considering a constant current IL at time t, the SOC recurrent relationship is expressed as:
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denotes the cell capacity with the unit of ampere-seconds, η is the coulombic efficiency. By incorporating Eq. (1) and (8) , the OCV at the next time step can be expressed with the form of first-order Taylor series approximation as:
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where w(t) is the remainder term, Voc(t) is the state vector while IL(t) is system input. Then Eq. (9) forms the state transition equation for KF implementation. The system measurement equation is formulated as:
V t is the OCV output from the simple OCV estimator, v(t) is the estimation error which is treated as the measurement noise. With Eq. (9) and (10), the OCV is observable with the KF algorithm. Following that, the SOC can be inferred directly from the SOC-OCV look-up table. It should be mentioned that the timescale of SOC estimator should be small to improve the accuracy.
Capacity Estimation
The follows introduces the capacity estimator which runs in parallel with the SOC estimator. It is evident from Coulomb's law that: (11) where ∆tq is the timescale of the capacity estimator, ˆ( ) z t is the estimated SOC, E(t) is the error term caused by estimation error.
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With the regression model of Eq. (11), Q(t) can be recursively updated with the RLS algorithm [11] . The dual estimator risks at losing stability at the initial stage. To this end, the capacity estimator is triggered after a certain length of time when the estimated SOC is stable.
It should be noted the ∆tq largely determines the estimation performance. Too small ∆tq results in a small regressor thus the capacity estimator is more sensitive to the disturbances brought by the uncertainties of SOC estimation. In this regard, it is plausible to use different timescales for SOC estimator and capacity estimator.
Experiment and Results
Test Bench
Experiments are conducted on a Samsung 18650 lithium-ion battery with the nominal capacity of 2200 mAh. The experimental setup is shown schematically in Fig. 2 . The current profile is loaded on the test battery with a battery cycler of NEWARE BTS-3000. The experimental data are collected by the data acquisition system with a sampling time interval of 1 s and stored in the host computer. 
Modeling Accuracy
The modeling result of terminal voltage is plotted in Fig. 3 . As shown, the estimated terminal voltage almost superimposes the measured data with the prediction error constrained within 10 mV for most of the time. The maximum error is 28.9 mV which occurs at the end of discharge. The relatively large prediction error is supposed to be the reason of dramatic change of OCV and resistances in the very low SOC region. In real applications, however, the battery is seldom operated under such situations in order to avoid over-discharge. Considering this, the battery model with the proposed parameterization method is highly reliable for real time output voltage prediction.
Dual Estimation Result
The result of SOC and capacity dual estimation is shown in Fig. 4 . It is shown the estimated SOC tracks the reference trajectory with fast convergence, high precision, and good robustness to the uncertain initialization. The estimated capacity also quickly converges to the true value reasonably after the capacity estimator is triggered. The estimation errors of terminal voltage, OCV, SOC, and capacity are summarized in Table 1 . The statistical summary of the estimation errors are performed after the algorithm stabilizes from the initial error correction. The results reveal that the multi-timescale dual estimator works precisely and stably. 
Conclusions
A multi-timescale estimator is proposed to dually estimate the SOC and capacity. A simple OCV estimator with KF correction is introduced to online update the OCV and thus the SOC. Based on the online estimated SOC, a RLS-based capacity estimator is designed to work in parallel with the SOC estimator. Different timescales are used for the dual estimator to enhance accuracy and stability. Experimental results verify that the proposed method is effective in estimating the SOC and capacity precisely in real time.
